Lung cancer histologic diagnosis is clinically relevant because there are histology-specific treatment indications and contraindications. Histologic diagnosis can be challenging owing to tumor characteristics, and it has been shown to have less-than-ideal agreement among pathologists reviewing the same specimens. Microarray profiling studies using frozen specimens have shown that histologies exhibit different gene expression trends; however, frozen specimens are not amenable to routine clinical application. Herein, we developed a gene expressionebased predictor of lung cancer histology for FFPE specimens, which are routinely available in clinical settings. Genes predictive of lung cancer histologies were derived from published cohorts that had been profiled by microarrays. Expression of these genes was measured by quantitative RT-PCR (RT-qPCR) in a cohort of patients with FFPE lung cancer. A histology expression predictor (HEP) was developed using RT-qPCR expression data for adenocarcinoma, carcinoid, small cell carcinoma, and squamous cell carcinoma. In cross-validation, the HEP exhibited mean accuracy of 84% and k Z 0.77. In separate independent validation sets, the HEP was compared with pathologist diagnoses on the same tumor block specimens, and the HEP yielded similar accuracy and precision as the pathologists. The HEP also exhibited good performance in specimens with low tumor cellularity. Therefore, RT-qPCR gene expression from FFPE specimens can be effectively used to predict lung cancer histology. (J Mol Diagn 2013, 15: 485e497; http://dx.doi.org/10.1016/j.jmoldx.2013 Lung cancer is the leading cause of cancer death worldwide.
; US Food and Drug Administration, Avastin/bevacizumab label, http://www.accessdata.fda.gov/drugsatfda_ docs/label/2004/125085lbl.pdf, last accessed May 22, 2013) . 3, 5 However, consensus histologic diagnoses as measured by interpathologist agreement can be challenging. 6, 7 Although immunohistochemical (IHC) markers can improve pathologist diagnosis accuracy, panels of markers have not been standardized into the most accepted tumor classifications, such as that of the World Health Organization. 4, 8 Finally, many patients (21%) receive a histologic diagnosis of lung cancer not otherwise specified, which inhibits the use of histology-specific treatment options. Therefore, improvements to lung cancer histologic diagnosis could result in better patient care.
Recent studies revealed that the histologic types differ not only in their morphologic features but also in their genetic features, such as gene expression, DNA copy number, and sequence mutations. 5,9e12 So far, the most genetic differences among histologic types have been measured by gene expression microarrays from fresh frozen specimens. 13e17 Gene expression profiling has great potential for improving the accuracy of the histologic diagnosis; owing to the need for retrospective validation and routine clinical application, the assays should be performed using formalin-fixed, paraffinembedded (FFPE) tissues, which negates the use of conventional DNA microarrays. Herein, we determined that gene expression profiling using quantitative RT-PCR (RT-qPCR) can identify the major histologic types of lung cancer in clinically available FFPE tissue specimens, which should be especially useful in confirming the histologic diagnosis in small and compromised tissue biopsy specimens.
Materials and Methods

Gene Expression Microarrays
Published lung cancer cohorts assayed by Affymetrix U95v2 gene expression microarrays (Affymetrix Inc., Santa Clara, CA) from Bhattacharjee et al 14 (n Z 254) and Borczuk et al 18 (n Z 62), were processed by the robust multiarray average algorithm 19 to produce gene expression values for each specimen.
Marker Gene Selection
The cohort of Bhattacharjee et al 14 was used to select genes differentially expressed between histologic classes. The area under the receiver operating characteristic curve was used to calculate differentially expressed genes for the following class comparisons: small cell versus other, carcinoid versus other, stromal lung versus other, and squamous cell carcinoma versus adenocarcinoma. Because lung adenocarcinoma has well-described expression heterogeneity, 14, 20 differentially expressed genes were also determined among three adenocarcinoma expression subtypes 20 so that all the variants of adenocarcinoma were represented. For each class comparison, the genes with the largest area under the receiver operating characteristic curve, indicating the largest difference in expression, were identified. These genes were manually reviewed for representation in the published lung cancer literature, and marker genes were further selected such that at least three genes with high expression in any given class/subtype were present. To be used for data normalization, housekeeping genes were selected in the following manner from the cohort of Bhattacharjee et al. 14 Genes with high average expression in each histologic class and low variability as measured by standard deviation across histologic classes were considered good candidates. Candidate genes were interrogated for the ability to produce a highperforming primer pair using previously described criteria. 21 Once a suitable set of housekeeping genes was produced, the set was evaluated for overall performance using previously described techniques. 22 
Marker Gene Validation
To verify that the marker genes were capable of discriminating the lung cancer histologic types, a predictor for microarray-based histology was built using the cohort of Bhattacharjee et al 14 and the marker genes. Centroids were calculated as the mean of tumors in a sample class (adenocarcinoma, carcinoid, small cell, stromal lung, or squamous cell). The gene-wise means of the centroids were calculated and subtracted from the centroids, the cohorts of Bhattacharjee et al 14 and Borczuk et al. 18 The Pearson correlation was calculated between each tumor sample, and these five centroids and the histology of the maximally correlated centroid served as a tumor's histology prediction. These predictions were compared with the tumors' pathologically defined histologies to determine whether the marker genes enabled accurate predictions.
Patient Samples
FFPE specimens (n Z 442) from patients with lung cancer receiving curative-intent surgery were collected at the University of North Carolina at Chapel Hill (Chapel Hill, NC) and at the University of Utah Health Sciences Center (Salt Lake City, UT). Patients were initially identified in an unselected manner from the clinical case records of the two institutions' multidisciplinary lung cancer programs. A second patient selection step was completed to increase cases with the rare variants of carcinoid and surgically resected small cell carcinoma. All the cases identified from the clinical record were used for this analysis without exception as long as the pathology department could provide at least one 10-mm section. When a case was identified, preference was given to section the block that was identified in the clinical pathology report as most representative of the entire surgical case diagnosis. Although most samples were obtained from grossly resected tumors, a small number came from biopsies such as mediastinoscopy or bronchoscopy. Clinical diagnosis In every case, an H&E-stained section was taken from the same block immediately adjacent to the section used for molecular analysis. Slides were scanned using a digital imaging ScanScope system version 8 (Aperio, Vista, CA) and were reviewed for tumor cellularity as determined by tumor nuclei, necrosis, lymphocyte infiltrates, and fibrosis. No tumor was excluded based on these parameters. A panel of pathologists diagnosed the histology of a subset of tumors using the scanned slides as described in Pathologist Diagnosis. For the purposes of obtaining a set of stromal lung controls, sections of uninvolved adjacent lung were obtained from a subset of patients who provided tumors.
IHC Analysis
To document the impact of special stains on the clinical diagnosis, all the cases were abstracted for the use of adjunct testing beyond light microscopy, including but not limited to IHC analysis. Because the consulting clinical pathologists incorporated special staining in only a few cases, we augmented the clinical testing with IHC staining for two of the most widely used lineage markers of lung adenocarcinoma (TTF-1) and lung squamous cell carcinoma (p63). Tissue microarrays were constructed from FFPE tumor blocks. H&E-stained sections of tumors of all the patients were reviewed by one pathologist (W.K.F.) to confirm the original diagnosis, and a target area was identified in the donor block. Tissue microarrays were constructed using 1-mm cores on the manual tissue microarrayer-1 (Beecher Instruments, Sun Prarie, WI) and were made in triplicate to account for potential staining heterogeneity and potential loss of tissue during processing. Sequential 4-mm sections were cut from each tissue microarray. IHC staining of the TTF-1 and p63 proteins was performed in the Bond autostainer (Leica Microsystems Inc., Buffalo Grove, IL) according to the manufacturer's protocol. Briefly, slides were dewaxed in Bond dewaxing solution (AR9222) and were hydrated in Bond wash solution (AR9590) (Leica Microsystems Inc.). Antigen retrieval for TTF-1 was performed for 20 minutes at 100 C in Bond epitope retrieval solution 2, pH 9.0 (AR9640; Leica Microsystems Inc.). Slides were incubated with TTF-1 antibody (thyroid transcription factor-1 clone SPT24, dilution 1:100; Leica Microsystems Inc.) for 30 minutes. Lung carcinoma tissue was used as a positive control. Antigen retrieval for p63 was performed for 20 minutes at 100 C in Bond epitope retrieval solution 1, pH 6.0 (AR9961; Leica Microsystems Inc.). Slides were incubated with p63 antibody clone 4A4 (dilution 1:150; Dako, Carpinteria, CA) for 15 minutes. Prostate tissue was used as a positive control. Antibody detection for TTF-1 and p63 was performed using the Bond polymer refine detection system (DS9800; Leica Microsystems Inc.). Image acquisition was performed using ScanScope CS (Aperio). Samples were scored for percentage of tumor nuclei positively staining and the intensity on a 3-point scale. H-scores were defined as the product of intensity Â percentage of cells. 23 H-scores of replicate spots were averaged in each case to standardize diagnostic calls of positive or negative staining. The selected threshold for p63 H-score positivity was set at 85 to match published rates of sensitivity of 84% and specificity of 93%. Likewise, the TTF-1 threshold was determined to be 75, resulting in 70% sensitivity and 82% specificity to ensure that the performance of IHC analysis in this cohort was comparable with published studies.
24e26 IHC data are available in Supplemental Table S1 .
Sample Preparation and First-Strand Synthesis for RT-qPCR
Total RNA was extracted from four 10-mm FFPE tissue scrolls using the High Pure RNA paraffin kit (Roche Applied Science, Indianapolis, IN). Contaminating DNA was removed using Turbo DNase (Ambion, Austin, TX). The quantity of RNA was assessed using the NanoDrop ND-1000 spectrophotometer (NanoDrop Technologies Inc., Rockland, DE). There was no criterion on which to fail a sample based on the NanoDrop output. Experience suggests that the small number of samples that fail the housekeeping genes have a low yield by spectrophotometer (<20 ng/mL). First-strand cDNA was synthesized from 1.2 mg of total RNA using a 2-pmol mixture of reverse primers, 100 ng of random hexamers, and SuperScript III Reverse Transcriptase first-strand kit (Invitrogen, Carlsbad, CA). The reaction was held at 55 C for 60 minutes, followed by a 15-minute step at 70 C. The cDNA was washed on a QIAquick PCR purification column (Qiagen Inc., Valencia, CA) and was stored at À80 C in 25 mmol/L Tris-Cl, 1 mmol/L ethylenediamine tetraacetic acid until qPCR analysis.
PCR Primer Evaluation
Primer sets were designed using LightCycler probe design software, version 2.0 (Roche Applied Science), which considers sequence alignments, primer stability, hairpins, primer melting temperatures, and primer-dimer interactions. Primer sets were selected to have a melting temperature >60 C and guanine-cytosine content >50% and to generate a PCR amplicon <100 bp. BLAST (Basic Local Alignment Search Tool; http://blast.ncbi.nlm.nih.gov/Blast.cgi, last accessed May 22, 2013) and BLAT (BLAST-Like Alignment Tool; http://genome.ucsc.edu/cgi-bin/hgBlat?commandZstart, last accessed May 22, 2013) searches were performed to check for uniqueness, including the presence of amplifiable pseudogenes. Final selection of primer sets was based on the following criteria: i) target crossing point <30 using 10 ng of cDNA from
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The Journal of Molecular Diagnostics -jmd.amjpathol.org 487 a pool of FFPE lung cancers, ii) PCR efficiency >1.7, iii) no primer-dimers in the presence of template, and iv) no primerdimers in negative template control before cycle 38. All the primer sets are tested using SYBR green I (Roche Applied Science, Indianapolis, IN) to assess the efficiency of PCR and the presence of primer-dimers. Melting curve analysis was used to distinguish primer-dimer formation from specific product. An average of two primer pairs were designed per gene target to obtain one pair that passed previously described criteria. 21 Each primer set was tested from a pool of cDNA from different lung tissue types, and performance was evaluated using previously described criteria. 21 
RT-qPCR
Each 5-mL PCR included twofold concentrated LightCycler 480 SYBR green I master mix (Roche Applied Science) and 2.5 ng (1.25 ng/mL) of cDNA. Liquid handling for loading 384-well plates was performed using the Evolution P3 precision pipetting platform (PerkinElmer Ltd, Shelton, CT). Each run contained an internal 10-ng calibrator reference using cDNA made from human reference total RNA (catalog No. 750500; Stratagene, La Jolla, CA) and two small cell lung cultures. PCR amplification was performed in the LightCycler 480 (Roche Applied Science) using an initial denaturation step (95 C for 8 minutes) followed by 45 cycles of denaturation (95 C for 4 seconds), annealing (56 C for 6 seconds with a 2.5 C per second transition), and extension (72 C for 6 seconds with a 2 C per second transition). Fluorescence (530 nm) from the SYBR green I double-stranded DNA dye assay (Roche Applied Science) was acquired for each cycle after the extension step. The specificity of the PCR was determined by postamplification melting curve analysis. Reactions were automatically cooled to 65 C and were slowly heated at 2 C per second to 99 C while continuously monitoring fluorescence (10 acquisitions per 1 C). RT-qPCR assays were run in the laboratory of P.S.B. RT-qPCR analysis was performed in the laboratory of D.N.H.
RT-qPCR Data Processing
Gene expression was calculated using LC480 software, version 1.2.0.169 (Roche Applied Science). Relative gene expressions were calculated from an external standard curve made from a serial 10-fold dilution of glyceraldehyde-3-phosphate dehydrogenase (efficiency, 1.8) and correcting to the expression of the 10-ng calibrator. To control for variation in RNA quality, the expression of each gene was further normalized to the geometric mean of the housekeeping genes. Samples were processed in two batches; so, to remove differences between the batches, a batch correction procedure was applied that used adenocarcinomas because they were present in large numbers in both batches. The correction consisted of taking the adenocarcinoma mean expression of all genes from each batch, calculating the gene median differences between the batches, and subtracting these differences from all the samples in the second batch.
Training and Validation Design for the Histology Expression Predictor
A histology expression predictor (HEP) was developed from a training set and then was validated on three independent test sets (Supplemental Figure S1 ). Test specimens were partitioned into one of six exclusive groups. High tumor content specimens (minimum 50% tumor cellularity) were used to train the HEP (classifier development set) and to independently validate the HEP. The first independent validation set (single-block set) consisted of tumors that were reviewed by a panel of up to seven external pathologists. These separate reviews provided an estimate of histology diagnosis accuracy based on single-slide light microscopy review that could be compared with the accuracy of the HEP. The second independent validation set (dual-block set) included patients for which two separate blocks were available. For these cases, H&E sections from both blocks were reviewed by three external pathologists (nonoverlapping with pathologists reviewing the singleblock set) who were blinded to the clinical histology diagnosis and to the cases from which blocks were derived. These blinded pathology reviews provided an estimate of the histology diagnosis precision in a case using single-slide microscopy review that could be compared with the HEP. These reviews were not intended to measure the routine clinical performance of pathologists because further materials (eg, a series of case slides, clinical history, and IHC analysis findings) were not provided to pathologists. Rather, these pathologist reviews enabled reference points for gauging the performance of the HEP. A third validation set (low tumor content) consisted of tumor specimens with infiltrating stromal cells composing >50% of the nuclei on the H&E section, consistent with quality control thresholds of large-scale genomic analysis projects. 27 Assays with >10% missing expression data were set aside as failed assays. Specimens with a histologic type outside of the HEP scheme were set aside as the outside scheme set. Stromal specimens were set aside as the stromal set.
Histology Expression Predictor
The HEP was developed using tumors in the classifier development set. Tumors were randomly partitioned into a training set and a test set using a two-thirds to one-third split, respectively. Samples were selected so that each histologic type was distributed the same between the sets. A nearestcentroid predictor was developed from the training set by taking the median expression of each gene in each histologic type, resulting in four training centroids. 28 Then, the mean expression of each gene across the training centroids was calculated (centroid gene means). The centroids and test set jmd.amjpathol.org -The Journal of Molecular Diagnostics tumors were normalized by subtracting the centroid gene means. Pearson correlations were calculated between each tumor in the test set to the training centroids. Tumors in the test set were assigned a histology prediction corresponding to the maximally correlated training centroid. Correct predictions were defined as HEP calls matching the tumor's clinical histology diagnosis. Accuracy was defined as the number of correct predictions divided by the number of all predictions. Agreement between the clinical diagnosis and the HEP was calculated by Fleiss' k. A minimum k of 0.7 was used as a reference threshold for clinical utility. 29 This process was repeated 1000 times to determine a Monte Carlo crossvalidation error rate. 30 Confidence intervals (CIs) for crossvalidation were determined from the distribution of these iterations. After error rate calculation, this process was repeated a final time using all classifier development set tumors to build predictor centroids and calculate a total training error rate. Other CIs were calculated by bootstrapping (1000 iterations). The HEP centroids and accompanying data are available in Supplemental Tables S2, S3 , S4, and S5.
Prediction Confidence
Prediction confidence was defined as a centroid silhouette width, ( 
Stromal Score
To determine whether a tumor's expression is more similar to its predicted histology or to stromal lung, an expression contrast between each histology class and normal lung was built. A stromal lung centroid was calculated by taking gene expression means. The contrasts consisted of pairing each prenormalized histology centroid with the stromal centroid, determining the gene means of each pair, and subtracting these means from the stromal centroid to produce a stromal contrast centroid and gene means. After histology prediction, a tumor's original expression was normalized by subtracting its corresponding stromal contrast gene means and calculating the Pearson correlation to its corresponding stromal contrast centroid to serve as its stromal score. Increasing stromal scores indicate an increasing stromal component in the tumor.
Pathologist Diagnosis
Board-certified pathologists were given digital images of H&E-stained slides of cases blinded to their clinical histology diagnosis. Using a previously described Internet-based form, 7 pathologists diagnosed each case with a histology using the 44-class World Health Organization histologic type definition. To make the 44-class scheme comparable with the four histologies used by the HEP, the 44 types were mapped to adenocarcinoma, carcinoid, small cell, squamous cell, or other. Pathologist diagnoses were compared with the clinical diagnosis to determine accuracy. The pathologist histology scheme had a total of five types compared with the HEP scheme, which had four types, the difference being the other type. Under a five-class scheme, a random diagnosis is expected to have 20% accuracy, and under a four-class scheme, it is expected to be 25%. To make the pathologist scheme comparable with the four-class scheme, adjusted pathologist accuracy was calculated by adding 5% to the pathologist accuracy, which is the difference in random agreement between the schemes.
Statistical Tests
Spearman rank correlation tests evaluated the association of prediction accuracy with stromal scores and prediction confidence over all cross-validation training sets. KruskalWallis tests were used to evaluate differences in stromal scores and prediction confidence among tumor sets.
Results
Marker Gene Selection
To obtain lung histologic class marker genes, we data-mined a previously published cohort (Bhattacharjee et al 14 ) to identify differentially expressed genes capable of discriminating four lung cancer histologic types (adenocarcinoma, carcinoid, small cell, and squamous cell) and stromal lung. Six genes were identified that differentiated each of the following pairs: carcinoid versus other, small cell versus other, and stromal lung versus other (Supplemental Figure S2 , AeC), giving a total of 18 genes. Sixteen genes were also selected that differentiated squamous cell carcinoma versus adenocarcinoma (Supplemental Figure S2D) . Eighteen genes were identified that differentiated among the three adenocarcinoma expression subtypes (Supplemental Figure S2E) . Last, five housekeeping genes were identified and used for normalization. In all, 57 genes were selected (Table 1) . To test that these marker genes were capable of discriminating the histologic classes, a microarray-based HEP using the 52 marker genes was created using the Bhattacharjee et al 14 microarray data set. Bhattacharjee et al 14 specimens were classified using this predictor of 52 marker genes, and the resulting predictions had 85% accuracy (95% CI 81% to 89%) and a k of 0.71 (95% CI 0.62 to 0.79) when testing for five classes (adenocarcinoma, carcinoid, small cell, stromal lung, and squamous cell), which represents training accuracy because the marker genes were selected using these same specimens. As an independent validation of the marker genes, the microarray-based predictor was applied to an independent cohort, Borczuk et al, 18 and specimen predictions had an accuracy of 81% (95% CI 66% to 89%) and a k of 0.71 (95% CI 0.53 to 0.84). Therefore, the marker genes were deemed
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Paraffin Sample Set
A surgical incident cohort was collected from historical lung cancer paraffin specimens at the University of North Carolina at Chapel Hill and the University of Utah for a total of 442 specimens ( Table 2) . Patient clinical characteristics were highly similar between the two institutions, with no major differences except in tumor cellularity, which was greater in tumors from the University of North Carolina at Chapel Hill. The four predictor histologic types composed most cases. A small proportion (9%) had other histologic types. Probes were designed for the 57 genes (Table 1) . RTqPCR gene expression of nearly all the genes was detected across samples, with the median gene having detectable values for 97% of specimens (Table 2 and Supplemental Figure S3 ). Expression of BMP7 was not detected in 41% of samples and was removed from further analysis. Within samples, a high rate of detectable expression was achieved, with the median sample having 98% of genes detected. Fourteen specimens with >15 genes having no detectable expression were removed from analysis (failed assay). Gene detectability was not associated with histology or tumor characteristics, including tumor cellularity, necrosis, fibrosis, or the age of the sample. Therefore, the RT-qPCR assay could robustly detect gene expression in lung tumor specimens of variable quality and age.
Predictor Development
The classifier development specimen set (Supplemental Figure S1 ) was used to develop an RT-qPCR HEP and to evaluate its performance by Monte Carlo cross-validation. The predictor exhibited a mean 84% (95% CI 75% to 93%) test set accuracy and surpassed the objective target for clinically useful diagnostic reproducibility of k> 0.7, achieving a mean k of 0.77 (95% CI 0.64 to 90) over 1000 test set iterations. All histologic types were predicted with high accuracy, although the accuracy was highest for carcinoid and small cell carcinoma, although relatively fewer of these histologic types were assessed ( Figure 1A ). Among the cross-validation iterations, prediction confidence was significantly and positively correlated with prediction accuracy (Spearman rank correlation on tertiles of confidence and accuracy, rho Z 0.85, P < 0.001) ( Figure 1A) . Also, stromal score was significantly negatively correlated with prediction accuracy (Spearman rank correlation on tertiles of stromal score and accuracy, rho Z À0.81, P < 0.001) ( Figure 1A ). The confidence and stromal scores provide information about the overall quality of the sample that would be useful for clinical application.
After predictor performance was estimated, all the training set tumors were used to make a final predictor. This predictor was then applied to the entire classifier set to estimate training performance ( Figure 1B) . Training prediction accuracy (87%; 95% CI 81% to 92%) and kscore (0.81; 95% CI 0.72 to 0.89) were similar to the accuracy estimated by cross-validation. When there were discrepancies between predicted tumor histology and the clinical diagnosis, these were generally associated with lower prediction confidence, higher stromal scores, or both. These results suggested that estimates of prediction confidence and stromal scores could be factored into the interpretation of a predicted class. In some cases, the predicted histology differed from the clinical diagnosis but was associated with high confidence in the divergent prediction. In summary, genes selected from microarrays enabled accurate prediction of histologic types by RT-qPCR in paraffin specimens that was highly concordant with clinical diagnosis.
Independent Validation
The HEP was then applied to two independent validation sets so that HEP performance could be evaluated on separate sets of tumors and could be compared with pathologist histology diagnosis on the same tumor specimens. In the single-block validation set, tumor specimens were given histology classifications by a pathologist panel to compare the diagnostic performance of the HEP with multiple independent light microscopy reviews (Figure 2A ). This experiment is an estimate of interobserver reproducibility of histology for these tumors viewed as single slides rather than as an entire clinical case. The mean accuracy (relative to the clinical diagnosis) of the pathologists was 68% (95% CI 56% to 76%), consistent with large historical morphology experiments on interobserver variability of this type. 8 The adjusted pathologist accuracy for a four-category diagnosis was 73% (95% CI 61% to 81%). The HEP exhibited a similar accuracy 
EEF1A1
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The Journal of Molecular Diagnostics -jmd.amjpathol.orgof 78% (95% CI 69% to 88%). As before, high stromal scores or low prediction confidence values corresponded to lower accuracy. For most cases in which the HEP disagreed with the clinical diagnosis, at least one of the pathologists was concordant with the HEP. In one case, all the study pathologists and the HEP were in agreement but in disagreement with the clinical diagnosis ( Figure 2A ). Conversely, there was only one case in which the clinical diagnosis and the HEP disagreed and the pathologists exhibited no disagreement with the clinical diagnosis. In summary, the HEP compared favorably with pathologists in a test of interobserver reproducibility of histology diagnosis.
In the dual-block validation set, tumor specimens were histologically diagnosed by three pathologists and the HEP ( Figure 2B ). This experiment estimates intraobserver reliability of histologic diagnosis for the HEP across a block pair in the same tumor. The experiment is standardized for the difficulty of each paired sample by obtaining multiple reviews by light microscopy from pathologists blinded to the paired nature of the samples. Precision was defined as the percentage of cases in which a classifier (either HEP or a pathologist) reported the same histology for both tumor blocks in a case. The pathologists had 68%, 68%, and 44% case precision, yielding a mean precision of 60% (95% CI 44% to 68%). The Values are specimen counts except for those labeled as percentiles or median values. For the cases that provided matched normal specimens, the distribution of the tumor histologies is presented. The number of cases in which IHC analysis was used in the clinical diagnosis is presented, and this is a subset of the number of tumor cases. Some clinical data were missing, so not all clinical features sum to the total. jmd.amjpathol.org -The Journal of Molecular Diagnostics pathologist case precision adjusted for the four-class scheme was 65% (95% CI 49% to 73%). The HEP had a precision of 92% (95% CI 80% to 100%), indicating that it made highly consistent calls among blocks from the same tumor.
Impact of Sample Quality on Prediction Accuracy
To assess the impact of specimen quality, specifically low tumor cellular content, the HEP was applied to the independent set of samples with low tumor content (cellularity, <50%) ( Figure 3 ). Prediction accuracy remained almost as high as in samples deemed to be of high quality (accuracy, 81%; 95% CI 73% to 89%; k Z 0.70, 95% CI 0.56 to 0.82). Consistent with the low tumor content set's definition of <50% tumor cellularity, stromal scores were found to be significantly greater in the low tumor content set (mean, À0.42) compared with the high-quality classifier development set (mean, À0.25) (Kruskal-Wallis P < 0.001). A reduction in prediction confidence was also found in the low tumor content set (mean, 0.32) compared with the high-quality classifier development sets (mean, 0.40) (Kruskal-Wallis P < 0.01), although this difference in confidence is not as large as the difference in stromal scores. As in classifier development, inaccurate predictions exhibited lower prediction confidence than did accurate predictions. Therefore, these data support that the lower limit of tumor cellularity for confident RT-qPCR histology prediction is <50% and that prediction confidence can be effectively used in interpreting predictions.
Finally, the predictor was applied to two other tumor sets relevant in clinical settings: specimens with high rates of failed gene amplification (failed assay) and specimens that are outside the scope of the HEP (outside scheme), such as metastatic tumors or large cell carcinomas (Supplemental Figure S4) . Prediction accuracy and confidence were low for the failed assay set, indicating that failed assays should be viewed with caution. Outside scheme tumors also had low confidence, further supporting that prediction confidence is helpful in identifying mispredicted specimens. 
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Comparison with Special Stains
Consistent with what has long been considered good clinical practice, the most recent consensus recommendations for the classification of lung adenocarcinomas recommend that "[i]f the tumor cannot be classified based on light microscopy alone, special studies such as immunohistochemistry and/or mucin stains should be applied to classify the tumor further." 24, p245 To investigate cases that were considered diagnostically uncertain by light microscopy alone, we abstracted data on the use of IHC staining as reported by the clinical pathology reports of patients in the present study. In approximately 22% of all cases, there was a report of at least one special stain in the clinical pathology report. We are unaware of other published data on the rates of special stain use in a clinical cases series such as this one; however, use in this range would be consistent with previous published rates at which pathologists reported low confidence in a diagnosis based on findings from light microscopy of grossly resected tumors. 7, 24 As expected, given the lack of consensus recommendation, a wide range of markers and standards were used (33 individual stains and markers). The most commonly reported consideration when a marker was used was to support a suspected diagnosis of nonesmall cell lung cancer (NSCLC) or NSCLC variant, such as lung adenocarcinoma or lung squamous cell carcinoma (50%). Other common uses were to evaluate a suspected metastasis of extrathoracic primary tumor (22%), neuroendocrine tumor (22%), infectious etiology (17%), or other specifically mentioned diagnoses (14%). It was not always possible to decipher the diagnostic intent of every case. Some reports considered multiple markers.
To standardize the use of special stains in this cohort, we had tumors scored for TTF-1 and p63, two popular markers for the detection of adenocarcinoma and squamous cell carcinoma, respectively, which are the most prevalent histologies of NSCLC. Of the 64 cases from the single-block validation data set with a clinical diagnosis of adenocarcinoma or squamous cell carcinoma, 8 (13%) failed to stain for either of the diagnostic markers TTF-1 or p63 (Figure 2A ). Nine additional cases (14%) were evaluable for only one marker. Two additional tumors (3%) stained positively for both. In brief, limited staining or a failed staining pattern was observed in 31% of cases, consistent with previous technical reports. Ambiguous staining is not entirely uninterruptable for clinical use because many of these would be expected to be lung adenocarcinomas. 26 However, limitations in technical performance illustrate the ongoing need for highperformance gold standard reagents inclusive of the full heterogeneity of NSCLC. However, for the sake of discrete comparison in the present example, we compare the HEP only with those 45 cases that are positive for either TTF-1 or p63 but not both. Compared with the clinical diagnosis, IHC analysis findings agreed in 93% of cases (95% CI 87% to 100%) and the HEP agreed in 91% of cases (95% CI 82% to 98%), suggesting outstanding agreement in the most unambiguous cases.
Discussion
In this study, we sought to predict the histologic diagnosis (adenocarcinoma, carcinoid, small cell, or squamous cell) of patient tumors by gene expression in clinically relevant specimens. These classes are each of particular importance in the clinical management of lung cancer as they have specific implications for patient therapeutic decisions. We were able to accomplish this goal of developing a robust HEP that uses routinely collected paraffin samples rather than research-grade frozen material. Using specimens with high tumor cellularity (>50%), we developed a predictor that exhibited high accuracy (84%) in cross-validation. Because specimen quality is a common concern in cancer studies 14 and in developing cancer assays, we evaluated the predictor on an independent set of tumors with low tumor cellularity (<50%). The prediction performance (81% accuracy) was not a substantial reduction from the high tumor content set. Therefore, RT-qPCR gene expression can be used to accurately predict lung histology in specimens of low tumor cellularity without a significant reduction in performance. The implication of this result is that a greater number of patients can be eligible for RT-qPCR histology prediction because not all patient tumor specimens have high tumor cellularity. Such results warrant further evaluation in even more marginal specimens that are routinely collected in clinical practice, such as needle, endoscopicguided, and other small-volume biopsies.
Because not only diagnosis but diagnostic confidence is important in clinical practice, we designed the predictor to also calculate a prediction confidence and a stromal score. These quality metrics reflect different properties of a tumor specimen's expression: how well a specimen is predicted to be its histology versus another histology and how much of a stromal lung component is present in a tumor. Prediction accuracy was significantly and positively correlated with prediction confidence, which to our knowledge is the first demonstration of this relationship in cancer gene expression studies and could be used in setting cutoff points as to when to accept the result of an assay for patient use. Such objective confidence thresholds are generally lacking in current practice. Although stromal scores demonstrated slight negative trends with prediction accuracy, this was much less of a concern than might have been expected. This is encouraging as attempts to offer molecular diagnostics to patients whose tumors fail to meet the most rigorous standards of tissue purity. This histologic confidence estimation and stromal estimates could, in future studies, be shown to have clinical benefit and could suggest when to pursue additional tissue or other diagnostic modalities before offering definitive therapy based on a specific tumor histology.
Lung cancer histologic classification is officially based on pathologist light microscopy review of multiple sections of tumor. 4 Recently, IHC protein stains have been proposed that correlate with the histologic classification 24e26 and are sometimes used clinically; however, they are not part of the official histologic classification. 4 To serve as an estimate of the diagnostic standard, we had pathologists classify one representative H&E slide from each case. The HEP was run using RNA extracted from the same tissue block as the representative slide to control for possible within-tumor variation. In the single-block validation set, HEP predicted the clinical histologic diagnosis at least as well as a panel of pathologists. In the dual-block validation set in which the precision of diagnoses were compared between two separate blocks from the same case, the HEP exhibited greater precision. Pathologists often have multiple slides from a case, and their performance might have improved with more slides. The present work is performed in an experimental setting and suggests favorable test characteristics. However, it remains to be seen how reproducible the approach is in a prospective clinical setting.
In the present study, we pursued an unbiased search for transcriptional markers of the morphologic classes of lung cancer, as described in Materials and Methods. In many cases, the list of candidates was in the thousands, with hundreds of excellent markers to choose from. In some cases, the unbiased search yielded markers that are among the most well characterized for the tumor types, such as the gene TTF-1 (otherwise known as TITF-1 or NKX2-1). In other cases, well-characterized markers, such as p63 for squamous cell carcinoma and CD56 for small cell carcinoma, did not rise to the absolute top of the unbiased search and they were not considered, although we anticipate that they might have been reasonable additions.
The present study was performed by profiling many samples for the same gene across several PCR plates (research settings) rather than profiling a single sample across many genes on the same plate, which would be done clinically. Because not all the samples were assayed at the same time, we observed a small but measureable batch effect by PCR plate such that technical performance improved slightly with batch correction. In clinical practice, a reference is included for each gene on the plate to correct for batch effect. 31 In addition, future use of the HEP versus IHC panels must consider multiple factors, such as the ability of tissue and cost. Although reagent costs for the HEP are low (<$1 per gene), the actual cost to a commercial laboratory would likely be on the scale of other multigene molecular assays. It would be vital to determine the utility of such a test versus the added cost.
In the United States, it is estimated that up to 70% of patients are diagnosed as having NSCLC based on smallvolume biopsy samples. 24 Although such biopsies are proved to be useful for the purposes of distinguishing small cell lung cancer from NSCLC, they are limiting in the number and nature of special studies that can be performed. Accurate morphologic diagnosis, mutational assessment, and special stains are frequently difficult or impossible. 24 Any assay that can address the use of small-volume biopsy specimens would, therefore, have the potential for immediate impact. A nucleic acidebased test such as the HEP offers an opportunity to use small-volume biopsy samples. In the setting of small-volume biopsy samples, it is important that the HEP compliment the need for mutational testing rather than compete for tissue. In fact, this is an advantage of the technology because it is possible to isolate DNA and RNA from the same specimen such that both assays can be performed from samples currently used for DNA testing only. In other words, the HEP does not increase the tissue requirement beyond what is already required for mutation testing. In fact, the net result may be a decrease in tissue requirements because tissue for special stains might not be required. The present study was designed with tissue requirements based on significant previous experience with a similar protocol in breast cancer. 22, 31, 32 This experience suggested that 1 to 2 Â 10-mm sections of a paraffin block from a grossly resected surgical case were nearly always sufficient to produce sufficient RNA to perform 100 PCRs on the LightCycler 480. The present study requested 4 Â 10 mm of FFPE tissue scrolls from anatomical pathology based on previous experience primarily in breast cancer studies. However, in practice, sections from a single 10-mm section of lung cancer ranged from 200 to 1000 mm of RNA, an amount that was sufficient for RNA profiling. In no case was >2 Â 10 mm of tissue used. The present study was not designed to primarily evaluate small biopsy samples. However, approximately 3% of the samples were from mediastinoscopies and endobronchial biopsies, and these samples were processed in an identical manner to the grossly resected tumors with overall similar results. The present experiment in lung cancer validates those input requirements, and initial experiments from smaller sections showed no degradation in performance. Rigorous evaluation of minimum input requirements in terms of cell number or RNA quantity was not a component of the present study. Future studies will focus on evaluating small-volume biopsy samples and randomized clinical trials to provide additional validation for possible clinical use.
In the present study, we compared the accuracy of a novel PCR-based assay to categorize lung cancer histologic subtypes
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The Journal of Molecular Diagnostics -jmd.amjpathol.orgwith the standard of the clinical diagnosis. Comparison of molecular diagnostic with routine diagnosis, as we have done herein, is a widely used study design. 24, 26, 33 By this measure, the HEP performs favorably compared with existing biomarkers and shows potential to advance clinical lung cancer care. The clearest promise would be if the assay performs well in future studies of small input material where routine biomarkers such as IHC are limiting. Unlike most studies, however, the present work includes multiple independent pathologist reviews of the histology from the case. The value of supplemental reviews relative to that obtained from the clinical pathology report is limited because the study pathologist lacks the complete case, clinical history, and special stains. Nonetheless, review of the data suggests that there may be insights gained by including additional pathologist reviews as we have done. For example, the approximately 15% to 20% of cases in which the HEP is discordant with the clinical diagnosis are highly overlapping with the most discordant independent reviews by light microscopy as well as discordant and uninformative cases by IHC analysis. In our experience, further characterization of such cases often fails to produce a consensus diagnosis. Similar rates of challenging cases have been observed in other large NSCLC data sets. For example, after careful screening by clinical diagnosis, a tumor bank pathologist, and central pathology review, the NIH-sponsored NSCLC tumor profiling projects have routinely seen the final expert pathology review reject 15% of tumors as belonging to the wrong histologic group. 34 Recognition that NSCLC has a significant fraction of cases that are challenging to classify is important because the rate of correct classification is the outcome of studies such as we report in this article. Recognizing that some clinical cases are likely to be misclassified suggests that other outcome measures should be considered because classification by definition will underestimate the performance of the assay. One approach is to emphasize assay performance measures, such as reproducibility, as we do in the present study.
Accurate classification of lung cancer histology is vital to making correct treatment decisions for patients with this disease as there are indications for specific groups (ie, pemetrexed for adenocarcinomas) and indications against other groups (ie, no bevacizumab for squamous cell carcinomas). In direct contrast to its importance, there are few molecular tools to augment the clinical pathologist's ability to make a diagnosis. This is particularly problematic given the challenges facing lung cancer pathologists, including heterogeneous samples that are frequently small and indeterminate in morphology. Herein, we presented a near-term potential tool that is a multigene predictor of histology based on a large body of preexisting data to make a reliable multiclass diagnostic prediction in clinically relevant patient specimens. We evaluated this technology in multiple independent patient cohorts totaling nearly 450 samples, providing a large amount of objective data on the HEP's performance as a function of sample quality and assay quality. jmd.amjpathol.org -The Journal of Molecular Diagnostics
